It is generally assumed that human intelligence relies on efficient processing by neurons in our brain. Although gray matter thickness and activity of temporal and frontal cortical areas correlate with IQ scores, no direct evidence exists that links structural and physiological properties of neurons to human intelligence. Here, we find that high IQ scores and large temporal cortical thickness associate with larger, more complex dendrites of human pyramidal neurons. We show in silico that larger dendritic trees enable pyramidal neurons to track activity of synaptic inputs with higher temporal precision, due to fast action potential kinetics. Indeed, we find that human pyramidal neurons of individuals with higher IQ scores sustain fast action potential kinetics during repeated firing. These findings provide the first evidence that human intelligence is associated with neuronal complexity, action potential kinetics and efficient information transfer from inputs to output within cortical neurons.
Introduction
A fundamental questions in neuroscience is what properties of neurons lie at the heart of human intelligence and underlie individual differences in mental ability. Thus far, experimental research on the neurobiological basis of intelligence has ignored the neuronal level and has not directly tested what role human neurons play in cognitive ability, mainly due to the inaccessibility of human neurons. Instead, research has either been focused on finding genetic loci that can explain part of the variance in intelligence (Spearman's g) in large cohorts (Lam et al., 2017; Sniekers et al., 2017; Trampush et al., 2017) or on identifying brain regions in whole brain imaging studies of which structure or function correlate with IQ scores (Choi et al., 2008; Deary et al., 2010; Karama et al., 2009a; McDaniel, 2005; Narr et al., 2007) . Some studies have highlighted that variability in brain volume and intelligence may share a common genetic origin (Hulshoff Pol et al., 2006; Posthuma et al., 2002; Sniekers et al., 2017) , and individual genes that were identified as associated with IQ scores might aid intelligence by facilitating neuron growth (Sniekers et al., 2017) and directly influencing neuronal firing (Lam et al., 2017) .
Intelligence is a distributed function that depends on activity of multiple brain regions (Deary et al., 2010) . Structural and functional magnetic resonance imaging studies in hundreds of healthy subjects revealed that cortical volume and function of specific areas correlate with g (Choi et al., 2008; Karama et al., 2009a; Narr et al., 2007) . In particular, areas located in the frontal and temporal cortex show a strong correlation of grey matter thickness and functional activation with IQ scores: individuals with high IQ show larger grey matter volume of, for instance, Brodmann areas 21 and 38 (Choi et al., 2008; Deary et al., 2010; Karama et al., 2009b; McDaniel, 2005; Narr et al., 2007) . Cortical grey matter consists for a substantial part of dendrites (Chklovskii et al., 2002; Ikari and Hayashi, 1981) , which receive and integrate synaptic information and strongly affect functional properties of neurons (Bekkers and Häusser, 2007; Eyal et al., 2014; Vetter et al., 2001) . Especially high-order association areas in temporal and frontal lobes in humans harbour pyramidal neurons of extraordinary dendritic size and complexity (Elston, 2003; Mohan et al., 2015) that may constitute variation in cortical thickness, neuronal function, and ultimately IQ. These neurons and their connections form the principal building blocks for coding, processing, and storage of information in the brain and ultimately give rise to cognition (Salinas and Sejnowski, 2001) . Given their vast number in the human neocortex, even the slightest changes in the efficiency of information transfer by neurons may translate into large differences in mental ability. However, whether and how the activity and structure of single human neurons support human intelligence has not been tested.
To investigate whether structural and functional properties of neurons of the human temporal cortex associate with general intelligence, we collected a unique multimodal data set from human subjects containing single cell physiology, neuronal morphology, pre-surgical MRI scans and IQ test scores (Fig 1) . We recorded action potentials (APs) from human pyramidal neurons in superficial layers of temporal cortical tissue resected during neurosurgery (Brodmann areas 38 and 21) and digitally reconstructed their complete dendritic structures. We tested the hypothesis that variation in neuronal morphology and function can explain variation in IQ scores and used computional modelling to understand underlying principles of efficient information transfer in cortical neurons and networks. 
Results

IQ scores positively correlate with cortical thickness of the temporal lobe
Cortical thickness of the temporal lobe has been associated with IQ scores in hundreds of subjects (Choi et al., 2008; Deary et al., 2010; Hulshoff Pol et al., 2006; Karama et al., 2009a; Narr et al., 2007) and we first asked whether this applies to the subjects in our study as well. From T1-weighted MRI scans obtained prior to surgery, we determined temporal cortical thickness in 35 subjects using voxel-based morphometry. We selected temporal cortical areas corresponding to surgical resections (Fig 2A) and collapsed the measurements for temporal lobes to one mean value for cortical thickness for each subject. In line with previous studies (Choi et al., 2008; Deary et al., 2010; Hulshoff Pol et al., 2006; Karama et al., 2009b; Narr et al., 2007) , mean cortical thickness in temporal lobes positively correlated with IQ scores of the subjects (Fig 2B) . IQ scores positively correlate with dendritic structure of temporal cortical pyramidal cells Cortical association areas in temporal lobes play a key role in high-level integrative neuronal processes and superficial layers harbour neurons of increased neuronal complexity (DeFelipe et al., 2002; Elston, 2003; Scholtens et al., 2014; van den Heuvel et al., 2015) . In rodents, the neuropil of cortical association areas consists for over 30% of dendritic structures (Ikari and Hayashi, 1981) . To test whether human temporal cortical thickness is associated with dendrite size, we used 68 full reconstructions of biocytin-labelled temporal cortical pyramidal neurons from human layer 2, 3 and 4 previously reported (Mohan et al., 2015) . Surgically obtained cortical tissue was non-pathological, and was resected to gain access to deeper structures containing disease focus (Mohan et al., 2015; Testa-Silva et al., 2010; Verhoog et al., 2013; (typically medial temporal sclerosis or hippocampal tumour; Table S1 ). In line with the non-pathological status of tissue, we observed no correlations of cellular parameters or IQ scores with the subject's disease history and age (Fig S1&S2) . We calculated total dendritic length (TDL) for each neuron and mean TDL from multiple cells for each subject and correlated these mean TDL values (n=23 subjects) to mean temporal cortical thickness from the same subject. We found that dendritic length positively correlated with mean temporal lobe cortical thickness, indicating that dendritic structure of individual neurons contributes to the overall cytoarchitecture of temporal cortex (Fig 3A) .
TDL is in part determined by the soma location within cortical layers: cell bodies of pyramidal neurons with larger dendrites typically lie deeper, at larger distance from pia (Mohan et al., 2015) . Thus, differences in soma locations of targeted neurons from subject to subject may result in biased sampling. To exclude a systematic bias in sampling, we determined the cortical depth of each neuron recorded from relative to the subject's temporal cortical thickness in the same hemisphere. There was no correlation between IQ score and relative cortical depth of pyramidal neurons used in this study, indicating that TDL was determined from neurons at similar depths across subjects (Fig 3B) . Finally, we tested whether mean TDL and complexity of pyramidal neurons relates to subjects' IQ scores. We found a strong positive correlation between individual's pyramidal neuron TDL and IQ scores (Fig 3C) as well as between number of dendritic branch points and IQ scores (Fig 3D) , thus revealing a significant association between human intelligence and dendritic length and complexity. Larger dendrites lead to faster AP onset and improved encoding properties Dendrites not only receive most synapses in neurons, but dendritic morphology and conductances act in concert to regulate neuronal excitability (Bekkers and Häusser, 2007; Eyal et al., 2014; Vetter et al., 2001) . Increase in the size of dendritic compartment in silico was shown to accelerate APs and improve encoding capability of simplified model neurons (Eyal et al., 2014) . Further, human neocortical pyramidal neurons, which are three times larger than rodent pyramidal neurons (Mohan et al., 2015) , have faster AP onsets compared to rodent neurons and are able to track fast-varying inputs with high temporal precision (Testa-Silva et al., 2014) . We asked whether the observed differences in TDL between human pyramidal neurons affected their encoding properties. To this end, we incorporated the 3-dimensional dendritic reconstructions of the human pyramidal neurons into in silico models and equipped them with excitable properties (see the Supplemental Methods). Larger TDL led to faster AP onsets in the model neurons (Fig. 4 a,b) . Faster APs would imply that neurons can respond faster to synaptic inputs, thereby can translate higher frequencies of synaptic membrane potential fluctuations into action potential timing and ultimately encode more information. We tested this by simulating current inputs of increasing frequencies into modelled neurons and studied how firing of the modelled neurons followed input changes. Human neurons with larger TDL could reliably transfer high frequency ranges, with cut-off frequencies up to 400-500 Hz, while smaller neurons had their cut-off frequencies already at 200 Hz (Fig 4c, d ). Furthermore, there was a significant positive correlation between the dendritic length and the cut-off frequency (Fig. 4d) .
Finally, given the same input -composed of the sum of three sinusoids of increasing frequencies -larger neurons were able to better encode rapidly changing temporal information in firing output, compared to smaller cells (Fig. 4e) . Thus, we find that in silico, structural differences in dendritic length of reconstructed human neurons lead to faster APs and thereby to higher frequency bandwidths of encoding synaptic inputs in AP output. Higher IQ scores associate with faster AP kinetics and lower firing threshold We next asked whether human cortical pyramidal neurons from individuals with higher IQ scores show faster AP kinetics during repeated AP firing. To test this, we made whole-cell recordings from pyramidal cells in acute slices of temporal cortex (26 subjects, 101 cells, 10,538 APs; Fig 5A) and recorded APs at different firing frequencies in response to depolarising current steps. We analysed the kinetics of all APs and grouped them based on instantaneous firing frequency of each AP to investigate the changes in waveforms of APs during increasing neuronal activity. Next, we split all AP data into two groups based on IQ score -above and below 100 -and observed more pronounced changes in AP kinetics in individuals with lower IQ score: their APs showed a substantial slowing of kinetics starting at instantaneous firing frequencies as low as 10 Hz (Fig 5B) . To statistically test the differences between the IQ groups in AP kinetics, we extracted key AP parameters -peak voltage, amplitude, threshold, afterhyperpolarization, maximum rise speed, maximum fall speed and half-width (Tabel S2) -and normalized these parameters for each AP to the first APs in the traces. Since the slowing of APs was already prominent at low firing frequencies, we grouped all APs for instantaneous frequencies of 11-50 Hz, and ran MANOVA analysis with the seven AP parameters. MANOVA confirmed significant difference in AP properties between higher and lower IQ groups (F(7,18) = 3.037, p = 0.027), with univariate post hoc tests narrowing the significant results to AP threshold, rise speed, fall speed and half-width (Fig 5C) . These AP parameters were more affected by higher frequency firing in subjects with lower IQ than in subjects with higher IQ.
Specifically, AP threshold increased significantly more compared to subjects with higher IQ, indicating that it is progressively more difficult to evoke APs during repeated neuronal activity in these neurons. In addition, APs from subjects with lower IQ slowed significantly more: their rise and fall speeds decreased while AP duration (half-width) increased (Fig 5C) .
We further investigated whether these differences at the group level reflected correlations between individual IQ scores and AP kinetics. We correlated IQ scores to mean relative AP thresholds, rise and fall speeds and half-widths at 11-50 Hz from all neurons of the same subject. All four parameters showed strong correlations with IQ (Fig 5D) . During repeated firing, AP threshold and half-width relative to the first AP negatively correlated with IQ scores, while AP rise and fall speed showed strong positive correlations (Fig 5D) . These findings indicate that higher IQ scores link to low AP firing threshold and fast kinetics during repeated AP firing, while lower IQ scores associate with increased AP fatigue during elevated neuronal activity. Our results indicate that neurons from individuals with higher IQ scores are better equipped to process synaptic signals at high rates and at faster time scales, which is necessary to encode large amounts of information accurately and efficiently. Average relative AP threshold, rise and fall speeds and half-width in neurons from subjects with lower IQ (black, n subjects=11, n cells=49) and subjects with higher IQ (blue, n subjects=15, n cells=52) displayed against instantaneous firing frequency. In subjects with higher IQ AP threshold and AP kinetics were less affected by higher frequencies: there was less increase in AP threshold, less slowing of rise and fall speeds and less elongation of AP half-width. (MANOVA univariate comparisons on mean values for 11-50Hz, highlighted in blue; Bonferroni corrected p<0.007; threshold F(1,24) 
Discussion
Our findings provide a first insight into the cellular nature of human intelligence and explain individual variation in IQ scores based on neuronal properties: faster AP kinetics during neuronal activity, lower firing thresholds and more complex, extended dendrites associate with higher intelligence. AP kinetics have profound consequences for information processing. In vivo, neurons are constantly bombarded by high frequency synaptic inputs and the capacity of neurons to keep track and phase lock to these inputs determines how much of this synaptic information can be transferred (Testa-Silva et al., 2014) . The brain operates at a millisecond time-scale and even sub-millisecond details of spike trains contain behaviourally relevant information that can steer behavioral responses (Nemenman et al., 2008) . Indeed, one of the most robust and replicable findings in behavioural psychology is the association of intelligence scores with measures of cognitive information-processing speed (Barrett et al., 1986 ).
Specifically, reaction times (RT) in simple RT tasks provide a better prediction of IQ than other speed-of-processing tests, with a regression coefficient of 0.447 (Vernon, 1983) . In addition, high postitive correlations between RT and other speed-of-processing tests suggest the excistence of a common mental speed factor (Vernon, 1983) . Our results provide a biological cellular explanation for such mental speed factors: in conditions of increased mental activity, neurons of individuals with higher IQ are able to sustain fast action potentials and can transfer larger cellular information content from synaptic input to AP output.
Pyramidal cells are integrators and accumulators of synaptic information. Larger dendrites can physically contain more synaptic contacts and integrate more information. Indeed, human pyramidal neuron dendrites receive twice as many synapses as in rodents (DeFelipe et al., 2002) and cortico-cortical whole-brain connectivity positively correlates with the size of dendrites in these cells (Scholtens et al., 2014; van den Heuvel et al., 2015) . A gradient in complexity of pyramidal cells in cortical superficial layers accompanies the increasing integration capacity of cortical areas, indicating that larger dendrites are required for higherorder cortical processing (Elston, 2003; van den Heuvel et al., 2015) . Our results align well with these findings, suggesting that the neuronal complexity gradient also exists from individual to individual and could explain differences in mental ability.
Larger dendrites have an impact on excitability of cells (Bekkers and Häusser, 2007; Vetter et al., 2001 ) and determine the shape and rapidity of APs (Eyal et al., 2014) . Increasing the size of dendritic compartments in silico lead to acceleration of AP onset and increased encoding capability of neurons (Eyal et al., 2014) . In the present study, by modeling detailed morphological reconstructions of neurons from human subjects, showed that individuals with larger dendrites are better equipped to transfer synaptic information at higher frequencies.
Remarkably, dendritic morphology, AP kinetics and firing threshold are also parameters that we have previously identified as showing pronounced differences between humans and other species (Mohan et al., 2015; Testa-Silva et al., 2014) . Human pyramidal cells in layers 2/3 have 3-fold larger and more complex dendrites than in macaque or mouse (Mohan et al., 2015) .
Moreover, human APs have lower firing threshold and faster AP onset kinetics both in single APs and during repeated firing (Testa-Silva et al., 2014) . These differences across species may suggest evolutionary pressure on both dendritic structure and AP waveform and emphasize adaptations of human pyramidal cells in association areas for cognitive functions.
Recent genome-wide association studies (GWAS) have pinpointed genes associated with intelligence that provide potential biological links to neuron development and neuronal activity (Lam et al., 2017; Sniekers et al., 2017; Trampush et al., 2017) . For example, GWASbased pathway analysis identified two gene targets of drugs that affect voltage-gated ion channels associated with general cognitive ability: a T-type calcium channel and a potassium channel (Lam et al., 2017) . Both ion channel types play a critical role in determining AP shape and kinetics. T-type calcium channels are involved in action potential initiation and switching between distinct modes of firing (Cain and Snutch, 2010) , while potassium channels are responsible for rapid repolarization during AP generation (Hodgkin and Huxley, 1952) . The strongest emerging association of genes with intelligence is an intronic region of the FOXO3 gene and its promoter (Sniekers et al., 2017) , involved in insulin growth factor 1 (IGF-1) signalling pathway (Costales and Kolevzon, 2016) . Low IGF-1 levels have been associated with poor cognitive function during aging (Tumati et al., 2016 ) and a less integrated functional network of connected brain areas (Sorrentino et al., 2017) . Notably, one of the effects of IGF-I on cortical pyramidal cells is the increased branching and total size of dendrites (Niblock et al., 2000) . Thus, individual differences in gene polymorphisms involved in neuronal development and associated with intelligence could result in larger and more complex dendrites contributing to faster firing of cortical neurons. Ultimately, these genes provide a genetic disposition for a higher encoding bandwidth and information transfer of pyramidal neurons in association areas such as the temporal cortex, gaining a speed advantage in mental processing leading to faster reaction times and higher IQ scores.
Methods
Human subjects and brain tissue
All procedures were performed with the approval of the Medical Ethical Committee of the VU University Medical Centre, and in accordance with Dutch licence procedures and the Declaration of Helsinki. Written informed consent was provided by all subjects for data and tissue use for scientific research. All data were anonymized.
Human cortical brain tissue was removed as a part of surgical treatment of the subject in order to get access to a disease focus in deeper brain structures (hippocampus or amygdala) and typically originated from gyrus temporalis medium (Brodmann areas 21 or 38, occasionally gyrus temporalis inferior or gyrus temporalis superior). Speech areas were avoided during resection surgery through functional mapping. We obtained neocortical tissue from 37 patients (19 females, 18 males; age range 18-66 years, Supplementary table 1) treated for mesial temporal sclerosis, removal of a hippocampal tumour, low grade hippocampal lesion, cavernoma or other unspecified temporal lobe pathology. From 35 of these patients we also obtained pre-surgical MRI scans, from 26 patients we recorded Action Potentials from 101 cells (10,538 APs) and from 23 patients we had fully reconstructed dendritic morphologies from 68 cells. In all patients, the resected neocortical tissue was not part of epileptic focus or tumour and displayed no structural/functional abnormalities in preoperative MRI investigation, electrophysiological whole-cell recordings or microscopic investigation of stained tissue.
IQ scores
Total IQ scores were obtained from the Dutch version of Wechsler Adult Intelligence Scale-III (WAIS-III) and in some cases WAIS-IV. The tests were performed as a part of neuropsychological examination shortly before surgery, typically within one week.
MRI data and cortical thickness estimation T1-weighted brain images (1 mm thickness) were acquired with a 3T MR system (Signa HDXt, General Electric, Milwaukee, Wisconsin) as a part of pre-surgical assessment (number of slices=170-180). Cortical reconstruction and volumetric segmentation was performed with the Freesurfer image analysis suite (http://freesurfer.net) (Fischl and Dale, 2000) . The processing included motion correction, transformation to the Talairach frame. Calculation of the cortical thickness was done as the closest distance from the grey/white boundary to the grey/CSF boundary at each vertex and was based both on intensity and continuity information from the entire three dimensional MR volume (Fischl and Dale, 2000) . Neuroanatomical labels were automatically assigned to brain areas based on Destrieux cortical atlas parcellation as described in (Fischl, 2004) . For averaging, the regions in temporal lobes were selected based on Destrieux cortical atlas parcellation in each subject.
Slice preparation
Upon surgical resection, the cortical tissue block was immediately transferred to ice-cold artificial cerebral spinal fluid (aCSF) containing in (mM): 110 choline chloride, 26 NaHCO3, 10 D-glucose, 11.6 sodium ascorbate, 7 MgCl2, 3.1 sodium pyruvate, 2.5 KCl, 1.25 NaH2PO4, and 0.5 CaCl2 (300 mOsm) and transported to the neurophysiology laboratory (within 500 m from the operating room). The transition time between resection of the tissue and the start of preparing slices was less than 15 minutes. After removing the pia and identifying the pia-white matter axis, neocortical slices (350 mm thickness) were prepared in ice-cold slicing solution (same composition as described above). Slices were then transferred to holding chambers in which they were stored for 30 minutes at 34 C o and for 30 minutes at room temperature before recording in aCSF, which contained (in mM): 126 NaCl; 3 KCl; 1 NaH2PO4; 1 MgSO4; 2 CaCl2; 26 NaHCO3; 10 glucose (300 mOsm), bubbled with carbogen gas (95% O2/5% CO2), as described previously (Mohan et al., 2015; Testa-Silva et al., 2010; Verhoog et al., 2013; . 
Morphological analysis
During electrophysiological recordings, cells were loaded with biocytin through the recording pipette. After the recordings the slices were fixed in 4% paraformaldehyde and the recorded cells were revealed with the chromogen 3,3-diaminobenzidine (DAB) tetrahydrochloride using the avidin-biotin-peroxidase method (Horikawa and Armstrong, 1988) .
Slices were mounted on slides and embedded in mowiol (Clariant GmbH, Frankfurt am Main, Germany). Neurons without apparent slicing artifacts and uniform biocytin signal were digitally reconstructed using Neurolucida software (Microbrightfield, Williston, VT, USA), using a ×100 oil objective. After reconstruction, morphologies were checked for accurate reconstruction in x/y/z planes, dendritic diameter, and continuity of dendrites. Finally, reconstructions were checked using an overlay in Adobe Illustrator between the Neurolucida reconstruction and Z-stack projection image from Surveyor Software (Chromaphor, Oberhausen, Germany).
Layer 2/3 pyramidal neurons were identified based on morphological and electrophysiological criteria at cortical depth within 250-1200 µm from cortical surface, that we previously found to correspond to cortical layers 2/3 in humans (Mohan et al., 2015) . For each neuron, we extracted total dendritic length (TDL) and number of branch points and computed average TDL and average number of branch points for each subject by pulling data from all cells from one subject (1 to 8 cells per subject).
Neuronal modelling
We constructed multicompartmental spiking neuronal models of human L2/3 pyramidal neurons for each the digitally reconstructed 3-dimensional morphologies considered in this study. Models were simulated using NEURON (Carnevale and Hines, 2006) . As in the experiments of Köndgen et al. (Köndgen et al., 2008) and Testa-Silva et al. (Testa-Silva et al., 2014) , we probed the dynamical transfer properties of each model neuron. We injected a sinusoidally oscillating input current in the soma, allowing us to temporally modulate the instantaneous output firing rate of each model neuron and quantify its output 'transfer gain' (Fig.   4a ). When studied in this way, the transfer properties of model neurons resemble those of electronic filters, whose low-pass performances in the Fourier domain define how fast they can follow input changes (for more detailed information see Supplementary Methods).
Action Potential waveform analysis Action Potential (AP) waveforms were extracted from voltage traces recorded in response to intracellular current injections and sorted according to their instantaneous firing frequency.
Instantaneous frequency was determined as 1/time to previous AP. Subsequently all APs were binned in 10Hz bins, while first APs in each trace were isolated in a separate bin. The following AP parameters were calculated for each AP in a train: the AP threshold was calculated as the membrane potential at the point of maximum acceleration of AP (peak of second derivative (Sekerli et al., 2004) . The AP peak voltage was determined as the absolute membrane potential measured at the peak of the AP waveform. The AP amplitude was calculated as the difference in membrane potential between the AP peak voltage and afterhyperpolarization (AHP). AHP was estimated as the lowest membrane potential between AP peak and the initiation of consecutive AP. Maximum rise speed was defined as the peak of AP derivative (dV/dt) and maximum fall speed as the trough of AP derivative. Half-width was estimated as the duration of AP between the voltage points of its half-amplitude (exact voltage at half-amplitude was extrapolated from neighbouring sampling points). For each analysed cell, representative APs with all parameters were plotted for visual check to avoid errors in the analysis.
For each neuron, the mean values of AP parameters in a given frequency bin were obtained by averaging all APs within that frequency bin. Relative AP parameters were calculated by dividing the mean AP parameter in each frequency bin by the mean first AP parameter. For relative threshold estimation, this formula was adjusted to 1 -AP threshold for a given frequency bin/first AP threshold +1 to compensate for negative values. To obtain AP values for each subject, AP parameters within each frequency bin were averaged for all neurons from one subject.
Statistical analysis
Statistical significance of all correlations between parameters was determined using
Pearson correlation coefficients using Matlab (version R2017a, Mathworks)
For statistical analysis of AP data, we divided all subjects according to their IQ into 2 groups: group with IQ>100 and a group with IQ<100. Differences between 2 IQ groups in individual AP parameters at different instantaneous frequencies were statistically tested using repeated measures ANOVA (using Matlab).
Since the adaptation of AP parameters at different instantaneous frequencies relative to first AP started already at 10 Hz, we pulled all relative AP parameters for 11-50 Hz bins to have one measure of each AP parameter per subject. We further performed MANOVA on 7 calculated AP parameters for these 2 groups as dependent variables and IQ scores as independent variables (using IBM SPSS Statistics). We ran subsequent univariate post-hoc tests and used Bonferroni corrected p-value to account for multiple comparisons.
